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This paper conducts an investigation about whether President Donald Trump’s twitter 
against oil market imposes impact on oil futures market. Recently, the topic about the impact on 
financial market from social media is becoming more popular. As we all know, President Donald 
Trump is famous for his twitter announcement. And because U.S. is known as the most influential 
country in the world. President Donald Trump’s twitter announcement would be ideal to study the 
influence of social medial. Because on twitter, President Donald Trump often talks about his opinion 
against world’s economy and his potential next move such as launching a sanction or imposing 
more tariffs against other countries, markets such as commodity which is sensitive to the world’s 
economy would be the ideal candidate to study. In addition, since oil has the largest trade volume 
among commodity market, it was chosen to study the relation. The official vote result of Donald 
Trump’s win is on November 2016, so all his twitters after that date were checked and twitters may 
affect the oil price were filtered out.  
Five models are applied in this paper. Economic factors used in models are positive twitters 
(twitter announcement may raise the oil price), negative twitters (twitter announcement may lower 
the oil price), Bloomberg Commodity Index, U.S. Dollar Index, the exchange rate of GBP/USD and 
the price of Dow Jones 30 Contract future. Among them, positive twitter factor and negative twitter 
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factor are taken in the form of dummy variable. They become 1 when twitter happened otherwise is 
0. Considering the market may not react to the twitter immediately and there is possibility that 
market may predict the happening of a twitter because of released information, lead and lag relation 
are also included in models. 
     Empirical result supports that there is a relation between oil market and the happening of 
twitter. Regression result suggests that market moves ahead of negative twitters. The possible reason 
is that released information was captured by market. In terms of twitters may raise oil price, namely 
positive twitters, regression result shows that oil market move against twitters’ content. Oil price 
goes down before the positive twitters coming in minutes. That is probably because that most 
positive twitter is talking about global economy such as negotiation situation with China. Although 
market anticipates the happening of twitter, but market didn’t think it would be a positive one 
because they have different expectation with President Donald Trump on the negotiation situation 
with China. After President Donald Trump post the actual twitter, negative twitter’s impact on oil 
market is larger than positive twitter. This asymmetric reaction to twitter is consistent with the 
behavior of traders in other market such as stock market to news. Researchers have proved the stock 
price movement is much larger when bad news impacts the market than when good news does. 
Empirical result shows that there is a positive correlation between oil market and U.S. Dollar Index. 
Most other studies suggest that the correlation between oil U.S. Dollar Index is negative, so they 
move in opposite directions. This is probably because that this paper used a different sample period. 
Papers showing the negative linkage between oil market an U.S. Dollar Index use sample period in 
2000s. Our sample period is from September 2016 to March 2019, during which U.S. economy was 
gradually recovering. The good economy raised interest rate then results appreciation of U.S. Dollar. 
At the meantime, good economy increases companies’ demand on oil. As a result, they become to 
move in the same-direction. 
This paper also found a co-movement relationship between the oil market and U.S. stock 
market, which is different compared to most works done in 2000s. The possible reason is same for 
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This paper investigates whether President Donald Trump’s official twitter against oil market 
imposes impact on oil futures market. By adding the return of U.S. Dollar Index, exchange rate of 
GBP/USD, Bloomberg Commodity Index and Dow Jones 30 Contract future as variables in model, 
relation between oil market and those markets was also investigated. This paper considered the 
Lead-Lag relation when examining the relation of oil and other factors. Empirical result suggests 
that there is a relation between oil return and twitters may affect oil price. Market price goes down 
before the happening of twitter, no matter it’s a positive twitter or a positive twitter. After President 
Donald Trump post the actual twitter, negative twitter’s impact on oil market is larger than positive 
twitter. Besides, we found the co-movement of oil market and U.S. Dollar Index market. Same result 
holds for the relation between oil market and U.S. stock market. 
 


























Motivation of Research 
The purpose of this research is to find out whether president Donald Trump is affecting oil 
futures market by his twitter and investigate the relation of oil and currency market and U.S. stock 
market. 
Investors in U.S. have already been trading in the commodity markets for more than 150 years 
(Till, 2016). There is also an evidence shows that Japanese people have begun participating in 
trading commodities since more than hundred years ago in Osaka. Because of lots of uncertainties 
which producers want to hedge, commodity futures came in to being. With the commodity futures, 
someone such as a wheat farmer could lock in a price for the crops before the harvest to avoid the 
uncertainty of the price. This process also provide chance to buyers of the futures who want to make 
profit by speculation. With more risks such as foreign currency rate involved in as the volume of 
global trade increase, more players are participating in the commodities futures exchange and the 
market itself is becoming more and more important. 
Crude oil is one of the important products among all the commodity market. As long as 
people cannot substitute oil by any other energies with a reasonable price, oil will never lose its 
popularity among investors.  
In recent years, lots of papers have begun to focus on the impact from social media such as 
Facebook and Twitter. (Blankespoor, Miller, & White, 2013) studied the relation between stock 
liquidity and whether the company use an official twitter. (Siganos, Vagenas-Nanos, & Verwijmeren, 
2014) proved the relation between daily sentiment and trading behavior. In their paper, they showed 
that sentiment on Facebook has a positive contemporaneous relation to stock returns. Besides, 
sentiment post on Sunday affects stock return on next Monday, proving the causality from sentiment 
to stock markets. Also, negative sentiments on Facebook may increase trading volume and return 
volatility. Since 2016, lots of professional traders have been keep on checking president Donald 
Trump’s twitter while working. Although it is difficult to say that traders trade just according what 
twitter said, there may exist a correlation between president Donald Trump’s twitter and trader’s 
behavior. Given he often talks about his opinion against world’s economy and his potential next 
move such as launching a sanction or imposing more tariffs against other countries, markets such as 
commodity which is sensitive to the world’s economy would be the ideal candidate to study the 
relation between president Donald Trump’s twitter and trader’s behavior. As discussed above, since 
oil has the largest trade volume among commodity market1, it was chosen to study the relation 
                                                     
1 Analysis of the top 40 most exchanged agricultural, energy and metal futures contracts of 2017,  




Five models are applied in this paper. Economic factors used in models are positive twitters 
(twitter announcement may raise the oil price), negative twitters (twitter announcement may lower 
the oil price), Bloomberg Commodity Index, U.S. Dollar Index, the exchange rate of GBP/USD and 
the price of Dow Jones 30 Contract future. Among them, positive twitter factor and negative twitter 
factor are taken in the form of dummy variable. Specific reason for choosing each factor and detailed 
explanation will be explained later. 
First, we only check the relation between oil and twitters. 
𝑅𝑜𝑖𝑙,𝑡 = ∑ 𝑏1𝑘𝐷𝑃,𝑡+𝑘
5
−10 + ∑ 𝑏2𝑘𝐷𝑁,𝑡+𝑘
5
−10 + 𝜖𝑜𝑖𝑙,𝑡      Equation 1  
DP and DN are dummy variables. P stands for positive twitter. It becomes “1” when a positive 
twitter event happened otherwise is “0”. N stands for negative twitter. Same as positive twitter, it 
becomes “1” when a negative twitter event happened otherwise is “0”. 
Since the market may not react to the twitter immediately and there is possibility that market 
may predict the happening of a twitter because of released information, as (Chan, 1992) has done, 
lead and lag variables are included in model. 
Oil data in Equation 1 is from Brent Crude Oil. The reason is that because President Donald 
Trump prefers to post twitter around 7:00 a.m. (U.S. Central Time), professional traders in U.S. are 
not at work during this time. But since it’s work time in U.K., Brent Crude Oil is more suitable to 
study than WTI. 
Then, other variables which have been proved that they contribute to the price movement of 















R represents for return. k represents for the time lag and lead. Benchmark in here is the 
Bloomberg Commodity Index. (Demirer & Kutan, 2010) used Dow Jones AIG Commodity Index 
(which is now known as Bloomberg Commodity Index) to estimate the price of oil. Bloomberg 
Commodity Index is a highly liquid and diversified benchmark for the commodities market currently 
consisting of 22 commodity futures in seven sectors and is used in the model as a proxy for the 
commodities market performance (Demirer & Kutan, 2010).  
Lots of researchers have proved the significant correlation between oil price and U.S dollar. 
Since oil is internationally traded in U.S dollar, a value depreciation in the U.S dollar could reduce 
the cost for foreigners to trade oil, then push up the oil price in U.S dollar in return. (Reboredo, 
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Rivera-Castro, & Zebende, 2014). Therefore, price of U.S. Dollar Index2 was also put into the 
model as a control variable. 
Considering different markets may not react to new information at the same time, lead-lag 
variables is included in Equation 2. 















The logic behind the third one is basically same as the first one. But since the oil price data 
used in this paper is from Brent Oil which is a U.K based exchange market, value of U.S dollar was 
replaced by the exchange rate of U.S Dollar and British Pound when considering the effect from 
currency market. Others are exactly same as the equation 2.  


















Dow Jones Industrial Averages was chosen to represent U.S stock market. Researchers have 
shown that oil price increases often going along with US stock price decreases. Informationally 
linked markets, such as oil and stock markets, are likely to react to the same information set and their 
movements are bound to be correlated  (Cifarelli & Paladino, 2010). Because of the strong 
relationship, Dow Jones stock market index was also added as variable to account for the movement 
of stock price. But, since Dow Jones stock market only open from 9:30 to 16:00, the data could be 



















                                                     
2 The US Dollar Index was created as a way to provide external bilateral trade weighted 
average of the US dollar as it freely floated against global currencies. The formula for the 
calculation of the US dollar Index is 50.14348112 multiplied by the product of all 
components raised to an exponent equal to the % weighting ((EURUSD^ –0.576) × (JPY^ 
–0.136) × (GBP^ –0.119) × (CAN^ –0.091) × (SEK^ –0.042) × (CHF^ –0.036)). All 
currencies are expressed in units of currency per U.S. dollar (ICE, 2009), and Currency 
weights are Euro (57.6%), Canadian dollar (9.1%), Japanese yen (13.6%), Swedish krona 




The reason is same as Equation 3, considering Brent Crude is a London Based exchange 
market, price of U.S. Dollar Index was replaced by the exchange rate of USD/GBP. 
The reason equation 2 and 3 were listed separated with equation 4 and 5 is that data of Dow 
Jones Index futures market can only be dated back to December 2017. To do an empirical study with 
a longer sample period, equation 2 and 3 without Dow Jones was made separately. 
Source of data 
Market data 
Donald Trump was announced to be the president of United States of America on 8th 
November 2016. So, sample period starts from 30th September 2016 to 11st March 2019. Considering 
that during and after the election, the market may react to the result dramatically since Hilary 
Clinton was thought to be elected based on the result of public opinion poll given by Gallup3. 
Therefore, one month ahead was added as a buffer.  
Price data from market includes five different markets, Brent Crude Oil Futures, Dow Jones 
30 Contract future market, exchange rate of USD/GBP, US Dollar Index and Bloomberg Commodity 
Index. But since the data of Dow futures could only be dated back from now to December 2017, the 
sample period of Dow futures is from 7th December 2017 to 11st March 2019. All the financial 
market data is from Bloomberg. Time zone of all the data is Tokyo time. 
Twitters 
The twitters of president Donald Trump are from the official Twitter’s website. Although the 
time of twitter can be specified in second unit. The minimum span of financial market data is minute 
by minute. Therefore, for instance, if president Donald Trump twittered something on 13:05:07 
(hour: minute: second), the time used to record the happening of data will be 13:06. (hour: minute) 
The method used to filter twitter is searching by keywords. Keywords used to search are oil, 
OPEC, Iran, China, sanction and interest rate. Since “oil” and “OPEC” is directly related to oil future 
market, they were picked up. Besides, as we all known, president Donald Trump abandoned Iran 
Nuclear Agreement made by president Barack Obama last year. This event significantly affected 
global oil market because it put limitation on the oil supply side. Those twitters which include “Iran” 
may reflect attitude of U.S. government In addition, since commodities such as oil is quite sensitive 
to global economy growth and economy environment, and the trade condition between U.S. and 
China is thought important to economy growth of the whole world, keywords such as “China” and 
“sanction” was also added. Interest rate is not directly related to oil market, but it is related to price 
of U.S Dollar. President Donald Trump showed that he is satisfied with Federal Reserve System 
                                                     
3 The poll was carried out during August and September among a total of 44,194 men and 
women and its detailed findings are available at (www.Gallup-international.com) 
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(FED) because of the monetary policy, so numbers of twitters which include “interest rate” was also 
added. 
After collecting twitters filtered by keywords, we choose those which may have impact on 
financial market and sorted it by negative impact group and positive impact group. For instance, 
“Looks like OPEC is at it again. With record amounts of Oil all over the place, including the fully 
loaded ships at sea, Oil prices are artificially Very High! No good and will not be accepted” is 
considered to have negative impact on oil price. And twitters such as “Very thankful for President Xi 
of China’s kind words on tariffs and automobile barriers...also, his enlightenment on intellectual 
property and technology transfers. We will make great progress together!” is considered to have 
positive impact on oil markets. Besides, because some twitters didn’t happen during markets’ open 
time, they were deleted from the database. 
Empirical Results 
Based on the methodology explained above, five models were tested on the EViews. 
First, to check the pure relation between oil and twitters, Equation 1 was tested.  
𝑅𝑜𝑖𝑙,𝑡 = ∑ 𝑏1𝑘𝐷𝑃,𝑡+𝑘
5
−10 + ∑ 𝑏2𝑘𝐷𝑁,𝑡+𝑘
5
−10 + 𝜖𝑜𝑖𝑙,𝑡      Equation 1  
Before analyzing the empirical result, we first discussed the Granger Causality Test of each 
variable. 
 
Table 1.1 Relation of oil and twitter: Granger Test 
Table 1.1 is the result of Granger Causality Test of oil and twitter. 
Null Hypothesis: F-Statistic Prob.  
 POSITIVE does not Granger Cause ROIL 2.09892 0.0212 
 ROIL does not Granger Cause POSITIVE 1.63811 0.0892 
 NEGATIVE does not Granger Cause ROIL 2.87417 0.0014 
 ROIL does not Granger Cause NEGATIVE 4.83E+00 6.00E-07 
The null hypothesis is listed on the left column.  
Sample period in Table 1.1 is from 30th September 2016 to 11th March 2019. (774,662 observations) 
ROIL is the return of Brent Crude.  
 
Table 1.1 shows that the possibility of accepting the null hypothesis that POSITIVE does not 
Granger Cause ROIL is only 2.12%, so the null hypothesis should be rejected at a 5 % level 
significance test. But on the other hand, we could not reject the null hypothesis that ROIL does not 
Granger Cause POSITIVE since the possibility to accept is 8.92%, larger than 5%. The result 
supports the hypothesis that the appearance of positive twitters has an impact on oil market. Results 
is different for correlation the return of oil and negative twitters of president Donald Trump. The 
probability of accepting the null hypothesis that negative twitter does not Granger Cause return of oil 
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is 0.14%, so we could reject it at 1% significance test. On the other hand, the fact that the possibility 
to accept the null hypothesis that return of oil does not Granger Cause negative twitter is 6.00E-07, 
so we should also reject it. It indicates that there may exist a bidirectional between oil market and the 
happening of president Donald Trump’s twitter.  
We assume that oil market lags the happening of twitters. With the result of Table 1.1, a 
regression of Equation 1 was performed.  
Table 1.2  Regression result of Equation 1. 
Table 1.2 shows the relation of oil market and twitters. 
𝑅𝑜𝑖𝑙,𝑡 = ∑ 𝑏1𝑘𝐷𝑃,𝑡+𝑘
5
−10 + ∑ 𝑏2𝑘𝐷𝑁,𝑡+𝑘
5
−10 𝜖𝑜𝑖𝑙,𝑡      Equation 1  
Roil is minute return of Brent Crude. DP and DN are dummy variables. P stands for positive twitter. N stands for 
negative twitter. It is “1” when twitter happens otherwise is “0” 
* means significant in 5% significance level. ** means significant in 1% significance level. 
First column is each variable. The number in “()” means how many minutes leads or lags the twitter event happening. For instance, if twitter event 
happened at 12:00:00, (3) means the time 12:03:00 and (-5) means 11:55:00. No number in “()” is the time exactly when twitter happened. If the lead 
coefficients such as POSITIVE (3) and NEGATIVE (5) are significant, we can say that the oil market leads the happening of twitter. If the lag 
coefficients such as NEGATIVE (-1) and NEGATIVE (-2) are significant, the oil market lags the happening of twitter. If only “POSITIVE” or 
“NEGATIVE” significant, market moves simultaneously with the happening of twitter.  
Sample period in Table 1.2 is from 30th September 2016 to 11th March 2019. (774,662 observations) 
Variable Coefficient t-Statistic Variable Coefficient t-Statistic 
POSITIVE 9.95E-05 1.493852 NEGATIVE 0.000132 1.218675 
POSITIVE(5) 2.03E-05 0.308021 NEGATIVE(5) 3.46E-05 0.319503 
POSITIVE(4) -7.96E-05 -1.20892 NEGATIVE(4) -0.000254* -2.3432 
POSITIVE(3) -3.09E-05 -0.46943 NEGATIVE(3) -0.000129 -1.19169 
POSITIVE(2) -0.000102 -1.55397 NEGATIVE(2) 0.000151 1.395467 
POSITIVE(1) -8.62E-05 -1.29455 NEGATIVE(1) -0.000504** -4.65644 
POSITIVE(-1) 0.000196** 2.942549 NEGATIVE(-1) -9.99E-05 -0.92329 
POSITIVE(-2) 3.74E-05 0.555127 NEGATIVE(-2) -0.000298** -2.749 
POSITIVE(-3) 3.00E-05 0.445094 NEGATIVE(-3) -0.000199 -1.83834 
POSITIVE(-4) 0.000131 1.942895 NEGATIVE(-4) -9.97E-05 -0.92074 
POSITIVE(-5) 6.73E-05 0.998836 NEGATIVE(-5) 9.96E-05 0.920306 
POSITIVE(-6) -0.000133 -1.98166 NEGATIVE(-6) -0.000119 -1.09729 
POSITIVE(-7) 4.60E-06 0.068269 NEGATIVE(-7) 0.000197 1.818009 
POSITIVE(-8) -8.94E-05 -1.34347 NEGATIVE(-8) -0.000252* -2.32808 
POSITIVE(-9) 5.23E-05 0.785774 NEGATIVE(-9) 0.000107 0.99115 
POSITIVE(-10) 6.11E-05 0.917551 NEGATIVE(-10) -0.000211 -1.94754 
R2 0.000116   Adjusted R2 7.40E-05   
12 
 
Table 1.2 shows the regression result of Equation 1. The null hypothesis is that the market 
does not react to president Donald Trump's twitter. The model (or equation) includes two dummy 
variables: POSITIVE and NEGATIVE. POSITIVE means the twitter contains the content that may 
raise the oil price. NEGATIVE means the twitter contains the content that may lower the oil price. 
As we can see from Table 1.2, only the first lag, POSITIVE (-1) shows a positive relationship 
with the return of oil price and is statistically significant at 5% level. No "lead" POSITIVE variable 
is significant in 5% significance test. This result indicates that twitter does impose an impact on the 
oil market, and the market begins to move after the twitter is posted in 1 minute.  
In terms of the twitter that may lower the oil price, at the 5% level significance test, Negative 
(4), Negative (1), NEGATIVE (-2), NEGATIVE (-8) are all significant. The result that NEGATIVE 
(-2) and NEGATIVE (-8) are significant suggests that the oil market reacts and begins to move after 
the twitter in 2 minutes and 8 minutes later. Negative (4) and Negative (1) are significant indicates 
that the market moves ahead of twitter. There are several reasons could explain this result. 1, 
President Donald Trump owed his own company before. So, there is a possibility that he released 
some information that what he will announce in twitter then the move of his related company was 
captured by traders in oil market. 2, Market could anticipate what president Donald Trump will post 
to express his opinion towards to oil market. 3, In some way, rumors about what president Donald 
Trump will announce on twitter were captured by traders before he posted the actual tweeter. The 
second and third reason are possible since president Donald Trump favors to express his opinion on a 
fixed time, around 7 a.m. (U.S. Central Time) every day. 
Same as what has been done for Equation 1, we first perform the Granger Causality Test for 















Benchmark in Equation 2 is the Bloomberg Commodity Index. Rbenchmark is the return of 
Bloomberg Commodity Index. Rusd is the return of U.S. Dollar Index. Both are minute return. 
Different with Table 1.1, Table 2.1 shows the Granger Causality Test result of 5 factors, Brent 
Crude, Bloomberg Commodity Index, U.S. Dollar Index and positive twitters and negative twitters.   
As we can see from Table 2.1, the possibility of accepting the null hypothesis that negative 
twitter does not Granger Cause return of oil is 0.0282, significant at the 5% significance test. But the 
possibility to accept the null hypothesis that return of oil does not Granger Cause negative twitter is 
0.1167, not significant at 5% test. It indicates a unidirectional relation. The appearance of negative 
twitter imposes impact on oil market.   
In terms of the twitter that may raise the oil price, namely positive twitters, the possibility of 
accepting the null hypothesis that positive twitter does not Granger Cause return of oil is 0.0126, so 
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we should reject the null hypothesis at 5% level significance test. The possibility to accept the null 
hypothesis that return of oil does not Granger Cause positive twitters is 0.1123, which is not 
significant at 5% level test. Same as the last conclusion, it suggests a unidirectional relation which is 
that the happening of negative twitter affects oil market  
Table 2.1 also shows the relation of other financial markets and twitters against oil market. 
First, Table 2.1 shows that there may not exist a relation between twitter and U.S Dollar 
Index. The possibility of accepting the null hypothesis that negative twitter does not Granger Cause  
 
Table 2.1 Relation of oil and twitter: Granger Test 
Table 2.1 is the result of Granger Causality Test of oil, Commodity Index, currency and twitter. 
Null Hypothesis: F-Statistic Prob.  
 RBENCHMARK does not Granger Cause ROIL 19194.7 0 
 ROIL does not Granger Cause RBENCHMARK 17.1256 2.00E-31 
 NEGATIVE does not Granger Cause ROIL 2.0117 0.0282 
 ROIL does not Granger Cause NEGATIVE 1.54445 0.1167 
 RUSDOLLAR does not Granger Cause ROIL 270.542 0 
 ROIL does not Granger Cause RUSDOLLAR 1.4679 0.1442 
 POSITIVE does not Granger Cause ROIL 2.25403 0.0126 
 ROIL does not Granger Cause POSITIVE 1.55803 0.1123 
 NEGATIVE does not Granger Cause RBENCHMARK 0.94634 4.89E-01 
 RBENCHMARK does not Granger Cause NEGATIVE 2.91538 1.20E-03 
 RUSDOLLAR does not Granger Cause RBENCHMARK 30.0868 1.00E-58 
 RBENCHMARK does not Granger Cause RUSDOLLAR 24.2254 2.00E-46 
 POSITIVE does not Granger Cause RBENCHMARK 1.1885 0.2928 
 RBENCHMARK does not Granger Cause POSITIVE 0.93819 0.4963 
 RUSDOLLAR does not Granger Cause NEGATIVE 0.48721 0.8996 
 NEGATIVE does not Granger Cause RUSDOLLAR 0.74754 0.6799 
 POSITIVE does not Granger Cause RUSDOLLAR 1.0483 0.3992 
 RUSDOLLAR does not Granger Cause POSITIVE 0.64635 0.7749 
Sample period in Table 2.1 is from 30th September 2016 to 11th March 2019. (582014 observations) 
ROIL is the return of Brent Crude. RBENCHMARK is the return of Bloomberg Commodity Index and RUSDOLLAR is the return of 
U.S. Dollar Index. 
return of possibility of accepting the null hypothesis that negative twitter does not Granger Cause 
return of U.S. Dollar Index is 0.6799. And the possibility of accepting the null hypothesis that return 
of U.S Dollar Index does not Granger Cause negative twitter is 0.8996. Neither one is significant at 
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5% test level. In addition, the possibility to accept that return of U.S. Dollar Index does not Granger 
Cause positive twitter is 0.7749. And the possibility to accept the null hypothesis that positive twitter 
does not Granger Cause return of U.S. Dollar Index is 0.3992. Both should be rejected. Those results 
indicate that there is no relation between twitter against oil market and U.S Dollar Index. 
But conclusion is different for the relation between twitter against oil market and Bloomberg 
Commodity Index. The result that the possibility to accept the null hypothesis that negative twitter 
does not Granger Cause return of Bloomberg Commodity Index is 4.89E-01, suggesting that null 
hypothesis should be rejected. And the possibility to accept the null hypothesis that the return of 
Bloomberg Commodity does not Granger Cause negative twitter happening is 1.20E-03, which also 
indicates that null hypothesis should be rejected. The result suggests that there is a bidirectional 
relation between negative twitter and Bloomberg Commodity Index.  
The result regarding the relation of the return of Bloomberg Commodity and positive twitter 
is different from the conclusion about negative twitters above. The possibility to accept the null 
hypothesis that positive twitter does not Granger Cause return of Bloomberg Commodity Index is 
0.2928. The possibility to accept the null hypothesis that the return of Bloomberg Commodity does 
not Granger Cause negative twitter happening is 0.4963. Neither one should be rejected since they 
are not significant at 5% level test. So, it suggests that there is no relation between Bloomberg 
Commodity Index and twitter against oil.  
In addition, Table 2.1 also tells the relation between each financial market. First, as oil future 
is one of the important financial products of Bloomberg Commodity Index, we assume that they 
have strong relation with each other. In fact, as we can see from Table 2.2, the possibility to accept 
the null hypothesis that the return of Bloomberg Commodity Index does not Granger Cause the 
return of Brent Crude is nearly close to 0 and the possibility to accept the null hypothesis that the 
return of Bloomberg Commodity Index does not Granger Cause the return of Brent Crude is 2.00E-
31. This result indicates that there is a bidirectional relation between Brent Crude Oil market and 
Bloomberg Commodity Index. 
The possibility to accept the null hypothesis that the return of U.S. Dollar Index does not 
Granger Cause the return of Brent Crude market is almost 0, so we should reject the null hypothesis. 
The possibility to accept the null hypothesis that the return of Brent Crude market does not Granger 
Cause the return of U.S. Dollar index is 0.1442, which is not significant at 5% level test. This result 
suggests that U.S. Dollar Index market exerts an impact on Brent Crude market but not vice versa. 
Oil price fluctuation from an oil shock tends to trigger a fluctuation in currency market and collapse 
the whole international currency market, (Narayan & Gupta, 2015), but notice that the sample period 
used in Table 2.1 is from 30th September 2016 to 11th March 2019, a period in which global 
economy is recovering gradually and no big crisis happened. The result indicates that, during this 
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period, oil futures market may not have any significant impact on U.S. Dollar market but oil price is 
affected by U.S. Dollar market. 
Regarding the relation between the Bloomberg Commodity Index and the price of U.S. Dollar 
Index, we can see that both possibility of accepting the null hypothesis that return of U.S. Dollar 
Index does not Granger Cause return of Bloomberg Commodity Index, and null hypothesis that 
return of Bloomberg Commodity Index does not Granger Cause return of U.S. Dollar Index are 
significant at 5% level test, 1.00E-58 and 2.00E-46 respectively. It suggests that there is bidirectional 
relation between Bloomberg Commodity Index and U.S. Dollar Index market. 
First, we check the relation between positive twitters and return of Brent Crude Oil. POSITIVE (1) is 
significant at 1% level significance test but with a negative coefficient. It indicates that market 
begins to go down before the twitter in 1 minute.  The possible reason is that although market could 
anticipate the timing in which President Donald Trump will announce something on twitter, they 
anticipated in a wrong way. The possible reason is that because most post twitters are related to the 
global economy situation such as negotiation with China. Most investors thought the negotiation 
couldn’t go well but President Donald Trump often surprisingly showed a positive attitude on twitter. 
No “lag” POSITIVE variables are significant suggests that market doesn’t react to those “surprise” 
twitters. 
Different with positive twitters, NEGATIVE, NEGATIVE (-3) are significant at 1% level with 
negative coefficient. The result suggests that the oil market reacts and begins to move after the 
twitter immediately and in 3 minutes later.  
Second, we check the relation between oil futures market and other financial market. One 
surprised result is that researchers such as (Zhang, Fan , Tsai, & Wei, 2008) have proved that the 
deprecation of U.S. Dollar may increase oil price in a long-term span, but result in Table 2.2 shows 
that in the minute-span, price of U.S. Dollar has a positive correlation with the return of oil futures. 
As we can see from Table 2.2, RUSDOLLAR, RUSDOLLAR (1), RUSDOLLAR (-1), 
RUSDOLLAR (-2) are all significant at 5% level significance test with positive coefficients, which 
suggests that oil futures price and U.S. Dollar price move in the same direction. (Liao , Shi, & Xu, 
2018) found that the relationship between Brent Crude oil prices and the U.S. Dollar index is time-
varying, especially after 2013. Figure 2 shows the movement of dynamic condition correlation 
between Brent oil and US Dollar index, and the correlation coefficient is time-varying. The negative 
correlation people have found was weakened significantly since the market is lacked a “key 
mediating factor”. In terms of the relation between return of Crude Brent Oil and of the Bloomberg 
Commodity Index, RBENCHMARK (4), RBENCHMARK (3), RBENCHMARK (1), 
RBENCHMARK and RBENCHMARK (-1) are significant at 1% level test, and RBENCHMARK (-
5) are significant at 5% level test. Since both “lead” and “lag” variables are significant, the result 
indicates that they are affecting each other. 
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Table 2.2  Regression result of Equation 2. 
Table 2.2 shows the relation of oil market and twitters, and the relation of oil market and other financial markets (Commodity, Stock and Currency market). 
𝑅𝑜𝑖𝑙,𝑡 = ∑ 𝑏1𝑘𝑅𝑏𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘,𝑡+𝑘
5
−10 + ∑ 𝑏2𝑘𝑅𝑈𝑆𝐷𝑜𝑙𝑙𝑎𝑟,𝑡+𝑘
5
−10 + ∑ 𝑏3𝑘𝐷𝑃,𝑡+𝑘
5
−10 + ∑ 𝑏4𝑘𝐷𝑁,𝑡+𝑘
5
−10 + 𝜖𝑜𝑖𝑙,𝑡                               Equation 2 
Roil is minute return of Brent Crude. Rbenchenmark is minute return of Bloomberg Commodity Index. RUSDollar is minute return of U.S. Dollar Index. DP and DN are dummy variables. P 
stands for positive twitter. N stands for negative twitter. It is “1” when twitter happens otherwise is “0” 
Variable Coefficient t-Statistic Variable Coefficient t-Statistic Variable Coefficient t-Statistic Variable Coefficient t-Statistic 
RUSDOLLAR 0.068272** 15.19666 RBENCHMARK 0.351733** 122.2219 POSITIVE -0.000113 -1.70583 NEGATIVE -0.000288* -2.87458 
RUSDOLLAR(1) 0.010328* 2.29951 RBENCHMARK(1) 0.032027** 11.13229 POSITIVE(5) -3.42E-05 -0.5224 NEGATIVE(5) -4.38E-05 -0.43724 
RUSDOLLAR(2) 0.004806 1.070332 RBENCHMARK(2) -0.005323 -1.85018 POSITIVE(4) 3.54E-05 0.5426 NEGATIVE(4) -0.000108 -1.08086 
RUSDOLLAR(3) 0.010559* 2.352964 RBENCHMARK(3) 0.010834** 3.765771 POSITIVE(3) 3.32E-05 0.508516 NEGATIVE(3) -0.000191 -1.90725 
RUSDOLLAR(4) 0.005472 1.219722 RBENCHMARK(4) 0.010093** 3.507058 POSITIVE(2) -7.94E-05 -1.21527 NEGATIVE(2) -0.000133 -1.33016 
RUSDOLLAR(5) 0.003674 0.819593 RBENCHMARK(5) 0.005137 1.784987 POSITIVE(1) -0.00019** -2.87496 NEGATIVE(1) 0.000151 1.504051 
RUSDOLLAR(-1) 0.119403** 26.5787 RBENCHMARK(-1) 1.209992** 420.5222 POSITIVE(-1) 9.51E-05 1.435863 NEGATIVE(-1) 0.000135 1.350711 
RUSDOLLAR(-2) 0.034086** 7.588184 RBENCHMARK(-2) -0.01078 -3.74741 POSITIVE(-2) 0.000121 1.807931 NEGATIVE(-2) 0.000159 1.592481 
RUSDOLLAR(-3) 0.005727 1.274978 RBENCHMARK(-3) -0.013879 -4.82396 POSITIVE(-3) 4.04E-05 0.602579 NEGATIVE(-3) -0.000291** -2.9046 
RUSDOLLAR(-4) 0.006581 1.465218 RBENCHMARK(-4) -0.01702 -5.91584 POSITIVE(-4) 1.25E-05 0.186644 NEGATIVE(-4) -9.09E-05 -0.9078 
RUSDOLLAR(-5) 0.002586 0.575714 RBENCHMARK(-5) 0.005829* 2.025793 POSITIVE(-5) 8.79E-05 1.31087 NEGATIVE(-5) -8.70E-05 -0.86888 
RUSDOLLAR(-6) 0.004818 1.072996 RBENCHMARK(-6) -0.00299 -1.03949 POSITIVE(-6) 3.48E-05 0.519317 NEGATIVE(-6) -0.000175 -1.7437 
RUSDOLLAR(-7) -0.001542 -0.34353 RBENCHMARK(-7) -0.011022 -3.83121 POSITIVE(-7) -7.70E-05 -1.14854 NEGATIVE(-7) -1.84E-06 -0.01842 
RUSDOLLAR(-8) -0.002841 -0.63282 RBENCHMARK(-8) -0.006789 -2.35989 POSITIVE(-8) -3.39E-05 -0.50627 NEGATIVE(-8) 0.000111 1.106823 
RUSDOLLAR(-9) -0.005644 -1.25739 RBENCHMARK(-9) 0.00201 0.698736 POSITIVE(-9) -3.38E-05 -0.51037 NEGATIVE(-9) -0.000109 -1.0933 
RUSDOLLAR(-10) 0.006606 1.472361 RBENCHMARK(-10) -0.004527 -1.57438 POSITIVE(-10) 1.91E-05 0.288107 NEGATIVE(-10) 0.000163 1.624805 
R2 0.252472   Adjusted R2 0.25239   
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* means significant in 5% significance level. ** means significant in 1% significance level.  
First column is each variable. The number in “()” means how many minutes leads or lags the twitter event happening. For instance, if twitter event happened at 12:00:00, (3) means the time 12:03:00 and (-5) means 11:55:00. No 
number in “()” is the time exactly when twitter happened. If the lead coefficients such as POSITIVE (3) and NEGATIVE (5) are significant, we can say that the oil market leads the happening of twitter. If the lag coefficients such as 
NEGATIVE (-1) and NEGATIVE (-2) are significant, the oil market lags the happening of twitter. If only “POSITIVE” or “NEGATIVE” significant, market moves simultaneously with the happening of twitter.  




Figure 1  The dynamic conditional correlation between Brent oil price and US Dollar Index 
(Liao , Shi, & Xu, 2018) 
Considering Brent Crude was originally traded on the open outcry International Petroleum 















The only change compared to Equation 2 is that return of U.S Dollar Index was replaced by 
return of exchange rate of USD/GBP. 
As we can see from Table 3.1, the possibility of accepting the null hypothesis that negative 
twitter does not Granger Cause return of Brent Crude Oil is 0.0271, significant at 5% level test. The 
possibility of accepting the null hypothesis that the return of Brent Crude Oil does not Granger 
Cause the happening of negative twitter is 0.1135, larger than 0.05. Therefore, the result supports 
that negative twitter imposes impact on oil futures market.  
The possibility of accepting the null hypothesis that positive twitter does not Granger Cause 
return of Brent Crude Oil is 0.0178, significant at 5% level test. And the possibility of accepting the 
null hypothesis that the return of Brent Crude Oil does not Granger Cause the happening of positive 
twitter is 0.1423, larger 5%. Considering the result explained in last paragraph, Table 3.1 suggests 
that both President Donald Trump’s negative and positive twitters against oil market impose impact 
on Brent Crude Oil market but not vice versa. 
Besides, Table 3.1 shows that the possibility of accepting the null hypothesis that negative 
twitter does not Granger Cause the return of exchange rate of USD/GBP is 0.0507, and the 
possibility of accepting the null hypothesis that the return of exchange rate of USD/GBP does not 
Granger Cause negative twitter is 0.9092. Both are not significant at 5% level test. It suggests that 
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there may not exist any relation between the exchange rate of USD/GBP and President Donald 
Trump’s negative twitter against oil market. Same conclusion holds for the relation between positive 
twitter and the exchange rate of USD/GBP 
 
Table 3.1 Relation of oil, currency market and twitter: Granger Test 
Table 3.1 is the result of Granger Causality Test of oil, Commodity Index, currency and twitter. 
Null Hypothesis: F-Statistic Prob.  
 RGBPUSD does not Granger Cause ROIL 260.812 0 
 ROIL does not Granger Cause RGBPUSD 1.65651 0.0846 
 RBENCHMARK does not Granger Cause ROIL 19405.7 0 
 ROIL does not Granger Cause RBENCHMARK 18.9933 2.00E-35 
 POSITIVE does not Granger Cause ROIL 2.15133 0.0178 
 ROIL does not Granger Cause POSITIVE 1.47269 0.1423 
 NEGATIVE does not Granger Cause ROIL 2.02415 0.0271 
 ROIL does not Granger Cause NEGATIVE 1.55426 0.1135 
 RBENCHMARK does not Granger Cause RGBPUSD 3.73139 5.00E-05 
 RGBPUSD does not Granger Cause RBENCHMARK 36.1224 2.00E-71 
 POSITIVE does not Granger Cause RGBPUSD 0.83149 0.5981 
 RGBPUSD does not Granger Cause POSITIVE 0.74924 0.6783 
 NEGATIVE does not Granger Cause RGBPUSD 1.82633 0.0507 
 RGBPUSD does not Granger Cause NEGATIVE 0.47188 0.9092 
 POSITIVE does not Granger Cause RBENCHMARK 1.08617 0.3684 
 RBENCHMARK does not Granger Cause POSITIVE 0.93066 0.5033 
 NEGATIVE does not Granger Cause RBENCHMARK 0.95349 0.4822 
 RBENCHMARK does not Granger Cause NEGATIVE 2.935 0.0011 
Sample period in Table 3.1 is from 30th September 2016 to 11th March 2019. (585,946 observations) 
ROIL is the return of Brent Crude. RBENCHMARK is the return of Bloomberg Commodity Index and RGBPUSD the return of 
exchange rate of USD/GBP. 
In terms of the relation between twitter and Bloomberg Commodity Index, the possibility of 
accepting the null hypothesis that positive twitter does not Granger Cause return of Bloomberg 
Commodity Index, and of accepting the null hypothesis that the return of Bloomberg Commodity 
Index does not Granger Cause of positive twitter are 0.3684 and 0.5033, respectively. Both are not 




In terms of the twitter may lower the oil price, the possibility of accepting the null hypothesis 
that return of Bloomberg Commodity Index does not Granger Cause negative twitter is 0.0011, 
significant at 5% level test. But since the possibility of accepting the null hypothesis that negative 
twitter does not Granger Cause of the return of Bloomberg Commodity Index is 0.4822, larger than 
0.05, Table 3.1 suggests that a unidirectional relation exists. Bloomberg Commodity Index affects 
the happening of negative twitter. 
Although we replaced price of U.S. Dollar Index with the exchange rate of USD/GBP, the 
conclusion regarding the relation between currency market and the whole commodity market doesn’t 
change. The possibility of accepting the null hypothesis that Bloomberg Commodity Index does not 
Granger Cause the exchange rate of USD/GBP, and the null hypothesis that the exchange rate of 
USD/GBP does not Granger Cause Bloomberg Commodity Index are 5.00E-05 and 2.00E-71, 
respectively. Both are significant at 1% level. The result indicates that there is a bidirectional 
relation between Bloomberg Commodity Index and the exchange rate of USD/GBP.
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Table 3.2  Regression result of Equation 3. 
Table 3.2 shows the relation of oil market and twitters, and the relation of oil market and other financial markets (Commodity and Currency market). 
𝑅𝑜𝑖𝑙,𝑡 = ∑ 𝑏1𝑘𝑅𝑏𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘,𝑡+𝑘
5
−10 + ∑ 𝑏2𝑘𝑅𝑈𝑆𝐷/𝐺𝐵𝑃,𝑡+𝑘
5
−10 + ∑ 𝑏3𝑘𝐷𝑃,𝑡+𝑘
5
−10 + ∑ 𝑏4𝑘𝐷𝑁,𝑡+𝑘
5
−10 + 𝜖𝑜𝑖𝑙,𝑡        Equation 3 
Roil is minute return of Brent Crude. Rbenchenmark is minute return of Bloomberg Commodity Index. RUSD/GBP is minute return of exchange rate of USD/GBP. DP and DN are dummy 
variables. P stands for positive twitter. N stands for negative twitter. It is “1” when twitter happens otherwise is “0” 
Variable Coefficient t-Statistic Variable Coefficient t-Statistic Variable Coefficient t-Statistic Variable Coefficient t-Statistic 
RGBPUSD -0.01443438** -4.78506 RBENCHMARK 0.341003088** 119.9538 POSITIVE -0.000102 -1.57219 NEGATIVE -0.00029082** -2.91262 
RGBPUSD(1) -0.003769 -1.25024 RBENCHMARK(1) 0.031778593** 11.18206 POSITIVE(5) -2.83E-05 -0.43888 NEGATIVE(5) -4.81E-05 -0.48144 
RGBPUSD(2) -0.00612946* -2.03391 RBENCHMARK(2) -0.00661767 -2.32847 POSITIVE(4) 3.96E-05 0.615776 NEGATIVE(4) -0.00011 -1.09708 
RGBPUSD(3) -0.003032 -1.00715 RBENCHMARK(3) 0.009012758** 3.171392 POSITIVE(3) 3.71E-05 0.576918 NEGATIVE(3) -0.000195 -1.95543 
RGBPUSD(4) 0.0002208 0.073339 RBENCHMARK(4) 0.0094241** 3.315562 POSITIVE(2) -8.58E-05 -1.33221 NEGATIVE(2) -0.000141 -1.41162 
RGBPUSD(5) -0.002248 -0.74797 RBENCHMARK(5) 0.005873631* 2.066075 POSITIVE(1) -0.00018397** -2.82211 NEGATIVE(1) 0.0001436 1.43824 
RGBPUSD(-1) -0.01516698** -5.02733 RBENCHMARK(-1) 1.199080701** 421.8622 POSITIVE(-1) 8.73E-05 1.339119 NEGATIVE(-1) 0.0001362 1.364427 
RGBPUSD(-2) -0.02263762** -7.50537 RBENCHMARK(-2) -0.01305838 -4.59545 POSITIVE(-2) 0.0001134 1.716956 NEGATIVE(-2) 0.0001563 1.565014 
RGBPUSD(-3) -0.00832602** -2.76079 RBENCHMARK(-3) -0.01377318 -4.84652 POSITIVE(-3) 4.22E-05 0.638471 NEGATIVE(-3) -0.00029403** -2.94483 
RGBPUSD(-4) -0.001804 -0.59818 RBENCHMARK(-4) -0.01744865 -6.14012 POSITIVE(-4) 1.62E-05 0.244734 NEGATIVE(-4) -9.33E-05 -0.93407 
RGBPUSD(-5) -0.004628 -1.53512 RBENCHMARK(-5) 0.005871261* 2.065817 POSITIVE(-5) 9.12E-05 1.381801 NEGATIVE(-5) -8.68E-05 -0.86926 
RGBPUSD(-6) -0.001929 -0.63999 RBENCHMARK(-6) -0.00285136 -1.0035 POSITIVE(-6) 2.59E-05 0.392779 NEGATIVE(-6) -0.000176 -1.76073 
RGBPUSD(-7) -4.85E-05 -0.0161 RBENCHMARK(-7) -0.01089067 -3.83265 POSITIVE(-7) -6.96E-05 -1.05449 NEGATIVE(-7) -4.49E-06 -0.04492 
RGBPUSD(-8) 0.0004609 0.152924 RBENCHMARK(-8) -0.00707862 -2.49129 POSITIVE(-8) -3.66E-05 -0.55409 NEGATIVE(-8) 0.0001104 1.10558 
RGBPUSD(-9) 0.006769 2.246463 RBENCHMARK(-9) 0.001816026 0.639084 POSITIVE(-9) -3.70E-05 -0.56851 NEGATIVE(-9) -0.000103 -1.02786 
RGBPUSD(-10) -0.001564 -0.51932 RBENCHMARK(-10) -0.00333197 -1.17328 POSITIVE(-10) 1.54E-05 0.23589 NEGATIVE(-10) 0.0001652 1.654365 
R2 0.2519166   Adjusted R2 0.251834329   
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* means significant in 5% significance level. ** means significant in 1% significance level. 
First column is each variable. The number in “()” means how many minutes leads or lags the twitter event happening. For instance, if twitter event happened at 12:00:00, (3) means the time 12:03:00 and (-5) means 11:55:00. No 
number in “()” is the time exactly when twitter happened. If the lead coefficients such as POSITIVE (3) and NEGATIVE (5) are significant, we can say that the oil market leads the happening of twitter. If the lag coefficients such as 
NEGATIVE (-1) and NEGATIVE (-2) are significant, the oil market lags the happening of twitter. If only “POSITIVE” or “NEGATIVE” significant, market moves simultaneously with the happening of twitter.  




Table 3.2 is the regression result of Equation3. (Golub, 1983) and (Uddin, Tiwari, Arouri, & 
Teulon, 2013) demonstrated that oil-exporting country may face exchange rate appreciation when oil 
price rises and exchange rate depreciation when oil price falls, and the case is vice versa for an oil-
importing country. As we all know, United Kingdom is a typical oil importing country, so it’s real 
exchange rate and oil price should move in opposite directions. That is consistent with the result in 
Table 3.2. In Table 3.2, RGBPUSD (2), RGBPUSD (0), RGBPUSD (-1), RGBPUSD (-2) and 
RGBPUSD (-3) are all significant at 1% level test with negative coefficients. And RGBPUSD (2) is 
significant at 5% level test with a negative coefficient. Those results suggest that the exchange rate 
of USD/GBP is negatively correlated with Brent Crude Oil. 
Then we check the relation between twitter and Brent Crude Oil.  
In terms of the result regarding positive twitters, only POSITIVE (1) is significant at 1% level 
test. The interpretation of this result is same as Table 2.2 above. 
Besides, NEGATIVE, NEGATIVE (-3) are significant at 1% level with negative coefficients. 
The result suggests that the oil market reacts and begins to move after the twitter immediately and in 
3 minutes later. 


















R stands for the minute return of Dow Jones 30 Contract future market. 
We first perform the Granger Causality Test. Table 4.1 shows the result. 
The possibility of accepting the null hypothesis that positive twitter does not Granger Cause 
the return of Brent Crude Oil is 0.0014, significant at 1% level test. And the possibility of accepting 
the null hypothesis that the return of Brent Crude Oil does not Granger Cause positive twitter is 
0.0558, not significant at 5% level test. The result suggests that the happening of positive twitter 
imposes impact on Brent Crude Oil market.  
Same conclusion holds for the Granger Causality between negative twitters and oil market. 
The possibility of accepting the null hypothesis that negative twitter does not Granger Cause the 
return of Brent Crude Oil is 0.0456, significant at 5% level. But the possibility of accepting the null 
hypothesis that the return of Brent Crude Oil does not Granger Cause negative twitter is 0.4681, not 
significant at 5% level. The result also suggests that negative twitter affects oil market but not vice 
versa. 
Table 4.1 also shows the relation between twitters against oil market and Dow Jones 30 





Table 4.1 Relation of oil, stock, currency market and twitter: Granger Test 
Table 4.1 is the result of Granger Causality Test of oil, stock Commodity Index, currency and 
twitter. 
Null Hypothesis: F-Statistic Prob.  
 RUSDOLLAR does not Granger Cause ROIL 284.36 0 
 ROIL does not Granger Cause RUSDOLLAR 1.21842 0.2729 
 RDOW does not Granger Cause ROIL 964.374 0 
 ROIL does not Granger Cause RDOW 3.62443 8.00E-05 
 RBENCHMARK does not Granger Cause ROIL 11124.6 0 
 ROIL does not Granger Cause RBENCHMARK 12.1182 3.00E-21 
 POSITIVE does not Granger Cause ROIL 2.87814 0.0014 
 ROIL does not Granger Cause POSITIVE 1.79488 0.0558 
 NEGATIVE does not Granger Cause ROIL 1.86009 0.0456 
 ROIL does not Granger Cause NEGATIVE 0.96899 0.4681 
 RDOW does not Granger Cause RUSDOLLAR 5.9702 4.00E-09 
 RUSDOLLAR does not Granger Cause RDOW 3.7199 5.00E-05 
 RBENCHMARK does not Granger Cause RUSDOLLAR 6.34318 8.00E-10 
 RUSDOLLAR does not Granger Cause RBENCHMARK 25.3912 9.00E-49 
 POSITIVE does not Granger Cause RUSDOLLAR 1.49073 0.1355 
 RUSDOLLAR does not Granger Cause POSITIVE 0.87996 0.5512 
 NEGATIVE does not Granger Cause RUSDOLLAR 1.18569 0.2948 
 RUSDOLLAR does not Granger Cause NEGATIVE 3.58E-01 0.9643 
 RBENCHMARK does not Granger Cause RDOW 3.77E+00 4.00E-05 
 RDOW does not Granger Cause RBENCHMARK 42.0856 4.00E-84 
 POSITIVE does not Granger Cause RDOW 3.41947 0.0002 
 RDOW does not Granger Cause POSITIVE 1.46616 0.1449 
 NEGATIVE does not Granger Cause RDOW 0.59312 0.821 
 RDOW does not Granger Cause NEGATIVE 0.89859 0.5334 
 POSITIVE does not Granger Cause RBENCHMARK 1.88587 0.0421 
 RBENCHMARK does not Granger Cause POSITIVE 1.84965 0.0471 
 NEGATIVE does not Granger Cause RBENCHMARK 0.69962 0.7258 
 RBENCHMARK does not Granger Cause NEGATIVE 2.72617 0.0024 
Sample period in Table 4.1 is from 17th December 2017 to 11th March 2019. (310,139 observations) 
ROIL is the return of Brent Crude. RBENCHMARK is the return of Bloomberg Commodity Index and RUSDOLLAR the return of 




The possibility to accept the null hypothesis that positive twitter does not Granger Cause 
return of Dow Jones 30 Contract future market is 0.0002, so we should reject it at 5% significance 
level. The possibility to accept the null hypothesis that the return of Dow Jones 30 Contract future 
market does not Granger Cause positive twitter is 0.1449, larger than 5%. It suggests a unidirectional 
relation. Positive twitter affects Dow Jones market but not vice versa. 
In terms of twitters may lower the oil price, the possibility to accept the null hypothesis that 
negative twitter does not Granger Cause return of Dow Jones 30 Contract future market is 0.821. 
And the possibility to accept the null hypothesis that the return of Dow Jones 30 Contract future 
market does not Granger Cause negative twitter is 0.5334. Both are not significant at 5% level. 
Unlike the result for the relation between Dow Jones and positive twitters, this result suggests that 
there is no relation between negative twitters and stock market. 
Table 4.2 shows the regression result of Equation 4 
We first check the relation between twitter and crude oil. 
POSITIVE is significant at the 5% level test with a negative coefficient, and no other “lead” 
or “lag” POSITIVE is significant. This result suggests that oil market don’t believe President Donald 
Trump’s twitter may raise the oil price. Traders tend to react to the twitter in an opposite way after 
President Donald Trump post it immediately. The reason why market doesn’t go up with positive 
twitters will be discussed later in detail.  
Regarding the result about impact of negative twitters of president Donald Trump, 
NEGATIVE (-3) is significant at 1% level significant test. No any “lead” NEGATIVE variable is 
significant. This suggests that market doesn’t anticipate any negative twitter comes, and the market 
reacts and begins to move after the negative twitter in 3 minutes later. 
Then we check the relation between Brent Crude Oil and Dow Jones 30 Contract future 
market. RDOW and RDOW (-1) are significant at 1% level significance test with positive 
coefficients. The relation between oil market and stock market is difficult to explain. A downward 
crude oil price is good for company because it significantly reduces company’s cost, so usually stock 
price will go up with a downward oil price. (Ghouri, 2006) revealed a strong negative relationship 
between WTI market and US monthly stocks positions based on a qualitative and quantitative 
assessment of WTI and US ending monthly oil stocks positions. The reasons about why RDOW and 
RDOW (-1) have positive coefficients will be discussed later.  
Table 4.2 also shows that Brent Crude and price of U.S. Dollar may have a positive 
correlation. RUSDOLLAR, RUSDOLLAR (-1) and RUSDOLLAR (-2) are significant at the 1% 
level test. Besides, RUSDOLLAR (4) is significant at 5% level. Since they all have a positive 




Table 4.2  Regression result of Equation 4. 
Table 4.2 shows the relation of oil market and twitters, and the relation of oil market and other financial markets(Commodity, Stock and Currency market). 
𝑅𝑜𝑖𝑙,𝑡 = ∑ 𝑏1𝑘𝑅𝑏𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘,𝑡+𝑘
5








−10 + 𝜖𝑜𝑖𝑙,𝑡         Equation 4 
Roil is minute return of Brent Crude. Rbenchenmark is minute return of Bloomberg Commodity Index. RUSDollar is minute return of U.S. Dollar Index. RDow is minute return of Dow Jones 
30 Contract future. DP and DN are dummy variables. P stands for positive twitter. N stands for negative twitter. It is “1” when twitter happens otherwise is “0” 
Variable Coefficient t-Statistic Variable Coefficient t-Statistic Variable Coefficient t-Statistic Variable Coefficient t-Statistic Variable Coefficient t-Statistic 
RUSDOLLAR 0.036647** 4.850904 RDOW 0.052473** 22.30958 RBENCHMARK 0.34119** 81.81579 POSITIVE -0.00017* -2.26424 NEGATIVE -0.000117 -1.12449 
RUSDOLLAR(1) 0.009738 1.289679 RDOW(1) 0.004248 1.806219 RBENCHMARK(1) 0.025691** 6.161144 POSITIVE(5) -3.09E-05 -0.41964 NEGATIVE(5) -6.87E-05 -0.66033 
RUSDOLLAR(2) 0.013798 1.827554 RDOW(2) -0.000112 -0.04778 RBENCHMARK(2) -0.013842 -3.31963 POSITIVE(4) -1.21E-05 -0.16359 NEGATIVE(4) -0.000136 -1.30354 
RUSDOLLAR(3) 0.006342 0.840349 RDOW(3) 0.002456 1.044646 RBENCHMARK(3) 0.017685** 4.241963 POSITIVE(3) 9.73E-05 1.320249 NEGATIVE(3) -2.75E-05 -0.26406 
RUSDOLLAR(4) 0.015446* 2.047603 RDOW(4) 0.001682 0.71573 RBENCHMARK(4) 0.003983 0.955409 POSITIVE(2) -0.000104 -1.40983 NEGATIVE(2) -0.000147 -1.41618 
RUSDOLLAR(5) -0.003721 -0.49521 RDOW(5) 0.000963 0.41283 RBENCHMARK(5) 0.001065 0.255459 POSITIVE(1) -0.000197 -2.6346 NEGATIVE(1) -1.51E-05 -0.14477 
RUSDOLLAR(-1) 0.119166** 15.77379 RDOW(-1) 0.096802** 41.15342 RBENCHMARK(-1) 1.279165** 306.7519 POSITIVE(-1) 4.45E-05 0.594253 NEGATIVE(-1) 0.000162 1.561661 
RUSDOLLAR(-2) 0.035656** 4.720147 RDOW(-2) -0.004111 -1.74725 RBENCHMARK(-2) 0.014186** 3.402949 POSITIVE(-2) 0.000146 1.923037 NEGATIVE(-2) 0.000165 1.58373 
RUSDOLLAR(-3) 0.003283 0.434568 RDOW(-3) -0.003561 -1.51345 RBENCHMARK(-3) -0.008502 -2.03946 POSITIVE(-3) 4.13E-05 0.542508 NEGATIVE(-3) -0.00031** -2.98118 
RUSDOLLAR(-4) 0.001099 0.145446 RDOW(-4) 0.002876 1.221542 RBENCHMARK(-4) -0.015937 -3.82316 POSITIVE(-4) 7.88E-05 1.03553 NEGATIVE(-4) -7.92E-05 -0.76113 
RUSDOLLAR(-5) 0.008998 1.190881 RDOW(-5) -0.001009 -0.42829 RBENCHMARK(-5) 0.017081** 4.097841 POSITIVE(-5) 8.83E-05 1.161307 NEGATIVE(-5) -0.000152 -1.45891 
RUSDOLLAR(-6) 0.013629 1.804162 RDOW(-6) 0.000774 0.328667 RBENCHMARK(-6) -0.013552 -3.25201 POSITIVE(-6) 8.82E-05 1.159745 NEGATIVE(-6) -0.000188 -1.80644 
RUSDOLLAR(-7) 0.003289 0.435338 RDOW(-7) 0.001021 0.433293 RBENCHMARK(-7) -0.008161 -1.95831 POSITIVE(-7) -0.000137 -1.80119 NEGATIVE(-7) -6.16E-05 -0.59178 
RUSDOLLAR(-8) -0.013874 -1.83648 RDOW(-8) -0.000334 -0.1416 RBENCHMARK(-8) -0.006904 -1.65692 POSITIVE(-8) -6.96E-05 -0.9156 NEGATIVE(-8) 6.12E-05 0.588104 
RUSDOLLAR(-9) -0.004325 -0.57266 RDOW(-9) -0.00053 -0.22461 RBENCHMARK(-9) -0.002716 -0.65192 POSITIVE(-9) 7.73E-05 1.018087 NEGATIVE(-9) -9.79E-06 -0.09411 
RUSDOLLAR(-10) 0.006821 0.906062 RDOW(-10) 0.009519 4.036409 RBENCHMARK(-10) -0.009298 -2.23435 POSITIVE(-10) 2.78E-05 0.365758 NEGATIVE(-10) 0.000156 1.500553 
R-squared 0.279157   Adjusted R2 0.278967   
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* means significant in 5% significance level. ** means significant in 1% significance level.  
First column is each variable. The number in “()” means how many minutes leads or lags the twitter event happening. For instance, if twitter event happened at 12:00:00, (3) means the time 12:03:00 and (-5) means 11:55:00. No 
number in “()” is the time exactly when twitter happened. If the lead coefficients such as POSITIVE (3) and NEGATIVE (5) are significant, we can say that the oil market leads the happening of twitter. If the lag coefficients such as 
NEGATIVE (-1) and NEGATIVE (-2) are significant, the oil market lags the happening of twitter. If only “POSITIVE” or “NEGATIVE” significant, market moves simultaneously with the happening of twitter.  




















Table 5.1 Relation of oil, stock, currency market and twitter: Granger Test 
Table 5.1 is the result of Granger Causality Test of oil, stock Commodity Index, currency and 
twitter. 
Null Hypothesis: F-Statistic Prob.  
 RGBPUSD does not Granger Cause ROIL 243.72 0 
 ROIL does not Granger Cause RGBPUSD 2.31555 0.0102 
 RDOW does not Granger Cause ROIL 966.277 0 
 ROIL does not Granger Cause RDOW 3.60543 8.00E-05 
 RBENCHMARK does not Granger Cause ROIL 11164.1 0 
 ROIL does not Granger Cause RBENCHMARK 12.0993 3.00E-21 
 POSITIVE does not Granger Cause ROIL 3.04914 0.0007 
 ROIL does not Granger Cause POSITIVE 1.53185 0.1209 
 NEGATIVE does not Granger Cause ROIL 2.01666 0.0277 
 ROIL does not Granger Cause NEGATIVE 1.49305 0.1346 
 RDOW does not Granger Cause RGBPUSD 2.34572 0.0092 
 RGBPUSD does not Granger Cause RDOW 6.00105 4.00E-09 
 RBENCHMARK does not Granger Cause RGBPUSD 2.71333 0.0025 
 RGBPUSD does not Granger Cause RBENCHMARK 31.5409 9.00E-62 
 POSITIVE does not Granger Cause RGBPUSD 1.26546 0.2436 
 RGBPUSD does not Granger Cause POSITIVE 1.55E+00 0.1165 
 NEGATIVE does not Granger Cause RGBPUSD 2.26E+00 0.0122 
 RGBPUSD does not Granger Cause NEGATIVE 0.5209 0.8768 
 RBENCHMARK does not Granger Cause RDOW 3.51974 0.0001 
 RDOW does not Granger Cause RBENCHMARK 42.2137 2.00E-84 
 POSITIVE does not Granger Cause RDOW 3.1575 0.0005 
 RDOW does not Granger Cause POSITIVE 1.79178 0.0564 
 NEGATIVE does not Granger Cause RDOW 0.67224 0.7514 
 RDOW does not Granger Cause NEGATIVE 1.21E+00 0.2811 
 POSITIVE does not Granger Cause RBENCHMARK 1.64492 0.0875 
 RBENCHMARK does not Granger Cause POSITIVE 1.32689 0.209 
 NEGATIVE does not Granger Cause RBENCHMARK 0.75018 0.6774 
 RBENCHMARK does not Granger Cause NEGATIVE 3.26847 0.0003 
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Sample period in Table 1.2 is from 17th December 2017 to 11th March 2019. (310,318 observations) 
ROIL is the return of Brent Crude. RBENCHMARK is the return of Bloomberg Commodity Index and RGBPUSD the return of 
exchange rate of USD/GBP. RDOW is the return of Dow Jones 30 Contract future market.  
 
Same reason for Table 3.1 and Table 3.2, the price of U.S. Dollar is replaced by the exchange 
rate of USD/GBP and Equation 5 was performed. 
The possibility of accepting the null hypothesis that positive does not Granger Cause the 
return of oil is significant at 1% level, but the possibility of accepting the null hypothesis that does 
not the return of oil Granger Cause positive twitter is not, at 5% level test. The result supports that 
the appearance of positive twitters has an impact on oil market. 
Same for the negative twitter. At 5% level significance test. The possibility of accepting the 
null hypothesis that negative does not Granger Cause the return of oil is significant, but the 
possibility of accepting the null hypothesis that does not the return of oil Granger Cause negative 
twitter is not. It indicates that negative twitter affects oil market but not vice versa. 
Table 5.2 is the regression result of Equation 5.  
POSITIVE (1) is significant at 1% level test and POSITIVE is significant at 5% level test, 
both with negative twitters. Those twitters considered may raise oil price are mainly talking about 
global economy situation such as President Donald Trump’s attitude against the negotiation with 
China, and those twitters are not directly related with oil. A significant negative coefficient of 
POSITIVE (1) suggests that oil market anticipates President Donald Trump’s attitude before the 
actual twitter in 1 minute, but in a wrong way. The result that POSITIVE has a significant negative 
coefficient suggests that market doesn’t believe the twitter announcement after President Donald 
Trump post it immediately.  
Regarding the negative twitter, NEGATIVE (2), NEGATIVE and NEGATIVE (-1) are all 
significant at 5% level test. And NEGATIVE (-3) is significant at 1% level test. Among them, 
NEGATIVE (-1) has a positive coefficient and others have a negative coefficient. The result that 
NEGATIVE and NEGATIVE (-3) are significant suggests that the oil market reacts and begins to 
move after the twitter immediately and in 3 minutes later. A positive significant coefficient of 
NEGATIVE (-1) suggests that market also chooses to move against the content of President Donald 
Trump’s twitter after the actual twitter in 1 minute later. Considering the coefficient of NEGATIVE 
(-1) is positive but coefficients of NEGATIVE and NEGATIVE (-3) are negative, Table 5.2 suggests 
that market tends to change easily after a negative twitter happens. 
RDOW (1), RDOW and RDOW (-1) are all significant at 1% level significant test. 
Considering the data used in Table 5.2 is minute return, the result that only the first lag variable 
RDOW (-1) and first lead variable RDOW (1), and RDOW are significant means that Brent Crude 
Oil and Dow Jones react to the new information “almost” simultaneously. 
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Table 5.2  Regression result of Equation 5. 
Table 5.2 shows the relation of oil market and twitters, and the relation of oil market and other financial markets(Commodity, Stock and Currency market). 
𝑅𝑜𝑖𝑙,𝑡 = ∑ 𝑏1𝑘𝑅𝑏𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘,𝑡+𝑘
5








−10 + 𝜖𝑜𝑖𝑙,𝑡       Equation 5 
Roil is minute return of Brent Crude. Rbenchenmark is minute return of Bloomberg Commodity Index. RUSD/GBP is minute return of exchange rate of USD/GBP. RDow is minute return of 
Dow Jones 30 Contract future. DP and DN are dummy variables. P stands for positive twitter. N stands for negative twitter. It is “1” when twitter happens otherwise is “0” 
Variable Coefficient t-Statistic Variable Coefficient t-Statistic Variable Coefficient t-Statistic Variable Coefficient t-Statistic Variable Coefficient t-Statistic 
RGBPUSD -0.01922875** -4.13841 RDOW 0.053135605** 22.53666 RBENCHMARK 0.33845377** 82.25558 POSITIVE -0.00016771* -2.20711 NEGATIVE -0.00025094* -2.3407 
RGBPUSD(1) -0.007511 -1.61851 RDOW(1) 0.004648014* 1.971442 RBENCHMARK(1) 0.024681032** 5.998922 POSITIVE(5) -1.27E-06 -0.01703 NEGATIVE(5) -5.17E-05 -0.48225 
RGBPUSD(2) -0.008332 -1.79627 RDOW(2) 0.00032112 0.136224 RBENCHMARK(2) -0.016098 -3.91279 POSITIVE(4) 1.92E-06 0.025627 NEGATIVE(4) -0.000149 -1.38641 
RGBPUSD(3) -0.008303 -1.79127 RDOW(3) 0.002741347 1.1633 RBENCHMARK(3) 0.016964121** 4.124042 POSITIVE(3) 4.83E-05 0.646223 NEGATIVE(3) -8.67E-05 -0.80892 
RGBPUSD(4) 0.0016574 0.357612 RDOW(4) 0.001703365 0.722957 RBENCHMARK(4) 0.0021684 0.527133 POSITIVE(2) -7.59E-05 -1.01435 NEGATIVE(2) -0.00027296* -2.54614 
RGBPUSD(5) 0.0017433 0.376716 RDOW(5) 0.000988457 0.422684 RBENCHMARK(5) 0.0007995 0.19441 POSITIVE(1) -0.00019709** -2.59384 NEGATIVE(1) 0.000101 0.941762 
RGBPUSD(-1) -0.02673111** -5.75348 RDOW(-1) 0.097615647** 41.39781 RBENCHMARK(-1) 1.269801768** 308.6234 POSITIVE(-1) 9.59E-05 1.261462 NEGATIVE(-1) 0.00021434* 1.999333 
RGBPUSD(-2) -0.03370618** -7.25535 RDOW(-2) -0.00293657 -1.24509 RBENCHMARK(-2) 0.012175947** 2.960398 POSITIVE(-2) 0.0001325 1.715394 NEGATIVE(-2) 0.0001314 1.226133 
RGBPUSD(-3) -0.008337 -1.79421 RDOW(-3) -0.00319736 -1.35541 RBENCHMARK(-3) -0.00924 -2.24675 POSITIVE(-3) 8.77E-05 1.134749 NEGATIVE(-3) -0.00033701** -3.14357 
RGBPUSD(-4) -0.00361 -0.77674 RDOW(-4) 0.00317899 1.346929 RBENCHMARK(-4) -0.014936 -3.63185 POSITIVE(-4) 3.39E-05 0.439639 NEGATIVE(-4) -8.20E-05 -0.76518 
RGBPUSD(-5) -0.008712 -1.87532 RDOW(-5) -0.00037189 -0.15753 RBENCHMARK(-5) 0.016454458** 4.00107 POSITIVE(-5) 8.41E-05 1.088676 NEGATIVE(-5) -0.000115 -1.07569 
RGBPUSD(-6) -0.002624 -0.56485 RDOW(-6) 0.000767038 0.324913 RBENCHMARK(-6) -0.014932 -3.63203 POSITIVE(-6) 7.29E-05 0.943559 NEGATIVE(-6) -0.00018 -1.68329 
RGBPUSD(-7) -0.000727 -0.15656 RDOW(-7) 0.00091075 0.385579 RBENCHMARK(-7) -0.008468 -2.05939 POSITIVE(-7) -0.000113 -1.45942 NEGATIVE(-7) -6.66E-05 -0.62158 
RGBPUSD(-8) 0.0026093 0.561573 RDOW(-8) -0.00060294 -0.25513 RBENCHMARK(-8) -0.006065 -1.47527 POSITIVE(-8) -7.41E-05 -0.96054 NEGATIVE(-8) 9.39E-05 0.8762 
RGBPUSD(-9) 0.0099103 2.13321 RDOW(-9) -0.00091226 -0.38591 RBENCHMARK(-9) -0.003027 -0.73641 POSITIVE(-9) 3.12E-05 0.404134 NEGATIVE(-9) -7.04E-06 -0.06568 
RGBPUSD(-10) -0.000808 -0.17404 RDOW(-10) 0.009821556 4.15427 RBENCHMARK(-10) -0.010298 -2.50931 POSITIVE(-10) 8.57E-05 1.110902 NEGATIVE(-10) 0.0001498 1.397488 
R2 0.279172   Adjusted R2 0.278982391   




* means significant in 5% significance level. ** means significant in 1% significance level. 
First column is each variable. The number in “()” means how many minutes leads or lags the twitter event happening. For instance, if twitter event happened at 12:00:00, (3) means the time 12:03:00 and (-5) means 11:55:00. No 
number in “()” is the time exactly when twitter happened. If the lead coefficients such as POSITIVE (3) and NEGATIVE (5) are significant, we can say that the oil market leads the happening of twitter. If the lag coefficients such as 
NEGATIVE (-1) and NEGATIVE (-2) are significant, the oil market lags the happening of twitter. If only “POSITIVE” or “NEGATIVE” significant, market moves simultaneously with the happening of twitter.  






Empirical result indicates that oil market reacts to the negative twitter but not sensitive to the 
positive twitter after the actual twitter. There are two reasons could explain that.  
The first one is algorithmic trading. For U.S. equites trading activities, 77% of the dollar 
volume trading involves High Frequency Trading (HFT) (Brogaard, 2011). One of the main trading 
strategies of HFT is news-based trading. (Scholtus, Dijk, & Frijns, 2014) proved that the reaction 
from algorithmic trading activity to macroeconomic news announcements exists in market. Most 
negative twitters in our sample contain some keywords such as “oil price” “not good” and “down”. It 
is easy for algorithmic trading system to read and know that this twitter is related to the oil market 
then exert some trading activities. On the contrast, most positive twitters are more related to 
macroeconomy such as the negotiation situation with China. Although “human” analysts think it’s a 
good signal to oil market since it released good news to global economy and oil market is sensitive 
to global economy, those twitters are difficult to be directly related to the oil market by algorithmic 
trading system.  
Second, market tends to react more dramatically to negative news. (Chen , Chiang, & So, 
2003) found that bad news happened in US market causes a larger decline in return of national stock 
market than a positive news with equal magnitude. Variance also appears to be calmer when good 
news impacts the market than when bad news does. It is quite possible that traders in oil market 
behave in the same with people in stock market. Because traders are not sensitive to some good 
announcement on President Donald Trump’s twitter account, they don’t execute any trade activity 
against those twitters which released some good news to the oil market. 
Usually, a weak U.S. dollar will trigger a demand increase in oil market because it helps cut 
the cost of purchasing. Empirical research works also proved that there is a negative relation 
between oil and stock market. (Cifarelli & Paladino, 2010) (Wu, Chung, & Chang, 2012) But our 
empirical result shows that instead of moving in the opposite directions, oil and U.S. stock market 
have a positive correlation. There are some potential reasons could explain the abnormal relation. 
First, (Liao , Shi, & Xu, 2018) pointed out that the negative linkage between price of U.S. 
Dollar Index and oil markets has become weak since the market is lacked a “key mediating factor”. 
(Wang & Chueh, 2013) also found that, in the short-term, the value of the U.S. Dollar around 2010 
has no impact on the crude oil prices of the following period. That is probably because that the latter 
crude oil price is dependent on the influence from factors other than U.S. Dollars such as the 
predictions of supply and demand of oil market, or global economy situations. As a result, the value 
of the U.S. Dollar has no significant influence on the crude oil market in the following period. In 
addition, most empirical research was done with the data of 2000s. It is possible that the negative 
linkage has started to change.  
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Second, Federal Reserve System（Fed）has raised interest rate couple several times and 
resulted in an appreciation of the U.S. dollar. In the meantime, since the end of crisis in Europe, the 
whole global economy has been recovering. Given this background, companies in U.S. could attract 
lots of investment and increase their demand of crude oil. Considering U.S. is the largest oil 
consuming country in the world4, signs of economy recovery in U.S. could boost oil prices and the 
price of U.S dollar.  
(Filis, Degiannakis, & Floros, 2011) found that oil prices exercise a negative effect in the 
global stock markets, no matter where the oil price shock comes from. An unexpected oil price shock 
could destroy investors’ expectation on company and crash the whole stock market, but our 
empirical result suggests a positive correlation between oil market and U.S. stock market. (Narayan 
& Gupta, 2015) demonstrated that the oil price could predict the return of U.S. stock market. There 
is a negative correlation between the oil market and U.S. stock market. Both positive and negative 
oil price changes are important predictors of U.S. stock returns. But the oil market is more sensitive 
to the negative oil price shock. (Sim & Zhou, 2015) demonstrated that unlike the negative oil price 
shock, the influence of positive oil price shocks is weak. Their result suggests that the relationship 
between oil prices on the U.S. equities is asymmetric.  
In recent years after the financial crisis in 2008, oil price and stock market tend to become to 
move in a same direction. Ben S. Bernanke5 pointed out that there is a co-movement relationship 
between the oil market and stock market in recent years.6 Similar reason like the last few 
paragraphs. Since both oil market and stock market are indices could reflect global economy 
situation, when the global economy boomed, the demand of oil also increases. And since investors 
have a good expectation on future economy situation, so the stock market will go up at the same 
time. (Salisu & Oloko, 2015) built an empirical result which supports that there is a statistically 
significant positive return spillover from US stock market to oil market. Since 2010s, the world has 
been recovering from the financial crisis happened in 2008 and the worldwide economy was going 
well until the official announcement of the trade war between U.S. and China. The data ended at 
March 2019. Back to then, U.S government and China were still on negotiation phase and two 
governments showed great confidence to solve the issue and to avoid a trade war. The good global 
economy situation is the possible reason could explain the significant positive coefficients. 
 
                                                     
4 "Statistical Review of World Energy, June 2018" . Retrieved 21 June 2018. 
5 Ben S. Bernanke served two terms as Chair of the Federal Reserve, the central bank of the 






In this paper, whether President Donald Trump’s twitters against oil market imposes impact 
on oil futures market and the relation between oil and other financial markets are investigated. Since 
President Donald Trump is famous for his twitter announcement and U.S. is considered as the most 
influential country in the world, President Donald Trump’s twitter announcement would be an ideal 
candidate to study the influence of social medial. Because on twitter, President Donald Trump often 
talks about his opinion against world’s economy and his potential next move such as launching a 
sanction or imposing more tariffs against other countries, markets such as commodity which is 
sensitive to the world’s economy would be the ideal candidate to study. In addition, since oil has the 
largest trade volume among the whole commodity market, oil was chosen to study the relation.  
Five models are applied in this paper. Economic factors used are positive twitters (twitter 
announcement may raise the oil price), negative twitters (twitter announcement may lower the oil 
price), Bloomberg Commodity Index, U.S. Dollar Index, the exchange rate of GBP/USD and the 
price of Dow Jones 30 Contract future. Among them, positive twitter factor and negative twitter 
factor are taken in the form of dummy variable. 
Empirical result supports that there is a relation of oil market and the happening of twitter. 
Empirical result suggests that market is able to predict the happening of twitter and reacts to the 
twitter may affect the price of oil price. Compared to positive twitters, market tends to believe the 
contents of negative twitters. This asymmetric reaction is consistent with the behavior of traders in 
other market such as U.S. stock market. The impact of negative news is larger than positive news in 
U.S. stock market.  
Although studies on the long-term relation between the return of oil market und return of U.S. 
dollar Index show that there is a negative correlation between these two markets, our empirical result 
shows that in the minute-span, they move in the same direction. This is probably because that the 
sample period we collected is from September 2016 to March 2019, during which U.S. economy is 
gradually recovering. 
Another result which is different than most other researches is that we show the correlation 
between oil market and U.S. stock market. Oil price could be used to predict the price of U.S, stock 
market and there is a negative linkage between these two markets. But Ben S. Bernanke7 pointed 
out that there is a co-movement relationship between the oil market and stock market in recent 
years,8 which is consistent to our result. The possible reason is that because these two markets are 
                                                     
7 Ben S. Bernanke served two terms as Chair of the Federal Reserve, the central bank of the 





both sensitive two economy situation and economy in U.S. is going well in recent years. Investors 
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